Abstract
energy on the dairy farms. Environmental efficiency indicators, as measured by either total 24 food energy or financial output per unit of negative environmental effect, were calculated; 25 greenhouse gas emission efficiency (using either measure of agricultural output) and nitrate 26 loading efficiency (using financial output) were positively correlated with profitability on 27 cereal farms. No other environmental efficiency measures were significantly associated with 28 farm profitability and none were significant on the dairy farms. These findings suggest that an 29 improvement in economic performance can also improve environmental efficiency, but that 30 this depends on the farm type and negative environmental externality in question. In a wider 31
Introduction 37
Contemporary agricultural production systems face a significant challenge if an acceptable 38 balance between production and environmental impact is to be achieved (Foley et al., 2011) . 39 To gain some sort of level of acceptable 'food security', agriculture needs to provide for both 40 a growing and increasingly affluent global population (Godfray et al., 2010) . However, security 41 of food supply is increasingly threatened by environmental challenges and competition for 42 resources, particularly land for non-food uses such as biomass for fuel . 43
These production challenges must therefore be met at the same time as managing the 44 environmental impacts of farming. The significant negative environmental effects of 45 agriculture, such as greenhouse gas emissions and nutrient loss to water, must be limited to 46 some extent (Balmford et al., 2012) , while provision of beneficial ecosystem services, for 47 example supporting and regulating services such as soil formation and pollination, must be 48 enhanced (Firbank, 2009) . 49
Addressing these challenges requires consideration of multiple effects that act on multiple 50 components of complex agricultural systems: systems that also involve people -farmers, 51 advisors and other stakeholders -who have economic and other objectives that they wish to 52 fulfil. In order to assess these integrated impacts and appraise changes in agricultural practices 53 or policy interventions, quantitative metrics or indicators are needed, for all outcomes of 54 interest -for example, greenhouse gas emissions as a measure of environmental impact. Direct 55 on-farm measurement on a sufficient number of farms would require significant financial and 56 technological investment in monitoring equipment and is especially difficult for non-point 57 source environmental pollutants, such as those associated with agricultural inputs like nitrogen 58
(nitrous oxide, nitrate, ammonia Farm data were obtained from the 2012 Farm Business Survey. In order to demonstrate the 170 utility of using FBS data in an external model, the concept must be shown to work for distinct 171 farm types; to this end, dairy and cereal farms were therefore selected as two contrasting types 172 of farm system. Within each farm type, a set of similar farms within the same area were 173 compared to increase the probability that estimated pollutant loads result from farm-specific 174 circumstances and management decisions and are not simply a reflection of farm type and 175 region. Cereal farms were selected from the eastern England counties of Norfolk, Suffolk and 176
Cambridgeshire, and dairy farms were taken from the south-western counties of Devon and 177
Somerset. To simplify data processing and ensure that reliable, standardised data were 178 available, farms with atypical arable crops or non-cattle livestock systems were excluded. 179
These conditions resulted in 38 predominantly cereal farms, covering nine different arable 180 enterprises (winter wheat, spring wheat, winter oilseed rape, triticale, winter barley, spring 181 barley, field beans, peas and potatoes) and 29 predominantly grass-and maize-based dairy 182
farms. 183
Three different approaches were employed to generate Farmscoper input data from the FBS 184 dataset depending on the data availability and model requirements: 1) extraction of physical or 185 structural farm data directly from the FBS; 2) conversion of indirect FBS data (from financial 186 or other indirect data sources) to an appropriate format for model input; and 3) use of additional 187 data from external geo-referenced datasets. fuel, oil and water use were all estimated from expenditure as recorded in the FBS, using 197 relevant coefficients from contemporary agricultural advisory publications, as shown in Table  198 1. Electricity consumption was calculated by assuming a standard metered rate of £0. Physical fertiliser import data were not collected for approximately 50% of farms in the 2012 207 FBS sample (data were not available for 11 of the cereal farms and 14 of the dairy farms); 208 however, value data were available for expenditure on fertiliser with no breakdown on 209 individual nutrients; furthermore, these data are available as a panel, opening up the potential 210 to track fertiliser related impacts over time, even when physical data are not available. A 211 methodology was therefore devised to convert expenditure data to physical data for use in 212
Farmscoper; this was used for N, P and K bought onto the farm, where fertiliser quantities were 213 not recorded. Total fertiliser expenditure for each enterprise was directly extracted from the 214 FBS; this was then divided by the area of that land use category to convert to expenditure per 215 unit area and subsequently scaled according to typical fertiliser costs for each enterprise. It was 216 assumed that individual N, P and K applications were applied in the same proportion as 217 standard rates (Agro Business Consultants, 2012; SAC Consulting, 2012) with these rates being 218 used to allocate N, P and K from the total fertiliser expenditure value. A similar approach was 219 used to convert expenditure on crop protection products to physical values. Analyses and 220 results presented thus use the whole sample of farms. 221
There are a number of farm business profitability measures within the FBS. For this study we 222 use 'Management and Investment Income' (MII) -this is the total value of all trading farm 223 outputs within a year, less total costs of production, including an imputed rent for owner-224 occupied farms and an imputed cost for the manual labour of the farmer and spouse. It 225 represents the return to the farmer and spouse for their management of 'tenants' capital': this 226 excludes landlord-type capital such as land and buildings. The measure is before interest -227 either earned or charged -of the business and allows a meaningful comparison to be made 228 between tenanted and owner-occupied farms. A useful heuristic for interpreting MII is that a 229 value of zero implies that an owner-occupied farm business would be no worse off if the farmer 230 and spouse were to realise their opportunity costs, i.e. to rent out their land and labour at going 231 market rates. 232
External geo-referenced data 233
Farmscoper incorporates local rainfall and soil type to model the movement of pollutants. This 234 data is not recorded in the FBS, and was therefore derived by correlating approximate farm 235 location with external geo-referenced datasets using ESRI ArcGIS desktop 10 (ESRI, 2014). 236
An illustration of the geo-referencing for the south-west farms is shown in Figure 1 . 237
Long-term annual precipitation was derived using the Met Office UKCP09 gridded observed 238 climate dataset (UKCP09, 2015). A long-term average (average annual precipitation between 239 2002 and 2011) was used as 2012 precipitation data were not available when the study began, 240
and also to establish a precipitation map that could be used for future work exploring potential 241 mitigations and changes in management that were not tied to a specific year. Environmental efficiency was explored for each farm type using efficiency indicators 253 expressing each negative environmental impact generated per unit agricultural production, at 254 the whole farm level (an inverse approach following that of Jan et al., 2012) . Individual, rather 255 than aggregate, indicators were used as only a subset of negative environmental impacts weregenerated here and food production is only one of several potential multifunctional benefits 257 provided by agriculture. Furthermore, some form of weighting would be needed if an aggregate 258 indicator were to be constructed and 'trade-offs' between different environmental outcomes 259 would be masked. Two different measures were used in order to capture different attributes of 260 agricultural production: total food energy of all agricultural outputs (in gigajoules, GJ) and the 261 value of these outputs (in £). The latter measure effectively weights different physical outputs 262 by their price: this reflects different nutritional contents to an extent (e.g. protein and oil in 263 oilseed rape) and also consumers' willingness to pay for different outputs. Food energy output 264 was calculated by extracting agricultural production data from the FBS and converting using 265 energy content coefficients following Firbank et al. (2013) . Gross output (£) was taken directly 266 from the FBS, across all farm enterprises. Adjustments made for disposal of the previous year's 267 crop output were excluded so that only outputs generated within a given year (and hence 268 associated with the environmental impacts modelled) were included in the analysis. As 269 efficiency indicators based on food financial output and energy content still do not necessarily 270 take into account important nutritional and other aspects of food production, direct comparisons 271 between the two contrasting farm system types were not made. 272
Statistical analyses 273
The environmental impacts derived from Farmscoper were described using summary statistics 274 expressed per hectare, per GJ food energy and per £ of gross output. Following Jan et al., 2012, 275 the relationship between per hectare farm environmental impact and food production was tested 276 using the Spearman's rank correlation coefficient. The relationship between the environmental 277 efficiency indicators (i.e. environmental impact per unit food production or gross output) was 278 then compared with farm financial performance, as measured by MII per hectare, also using 279 Spearman's rank correlation coefficient. All analyses were performed in R (R Core Team, 280 2016). 281 (Table 1 here The FBS-derived data were successfully run through Farmscoper and indicators for 287 environmental pollutants were estimated for individual farms where no data were previously 288 available. A summary of pollutant loadings and greenhouse gas emissions for the sample is 289 shown in Table 2 below. The broad range in results shown by the standard deviation for each 290 indicator, for both system types, suggests that the estimates derived from the FBS data were 291 sufficient to describe important differences in farm structure and management. In order to relate the environmental metrics described above to food production, efficiency 308 indicators were generated describing the environmental impact per unit food produced (in both 309 food energy content and food financial output), as shown in Table 3 below. 310 311 (Table 3 here)  312   313 These results are in line with those found in another UK study which demonstrated similar 314 environmental impacts per unit of food energy produced, in this case using data collected from 315 individual study farms ; the authors also report a considerable range in the 316 metrics within similar farm types. 317 318 3.3 Farm-level production efficiency 319
The relationship between farm land use productivity, as measured by food energy content per 320 hectare of farmland and environmental impact per hectare is shown in Figure 2 . For cereal 321 farms, nitrate loading (r = 0.5, P < 0.001), ammonia emissions (r = 0.36, P = 0.03) and total 322 greenhouse gas emissions (r = 0.5, P < 0.01) were all positively associated with increased 323 productivity, suggesting that more intensive production, associated with increased nitrogen 324 inputs, produced more food but at a greater environmental impact per unit area. Using financial 325 output rather than food energy content as a measure of agricultural production resulted in 326 similar relationships for nitrate loading (r = 0.46, P < 0.01) and greenhouse gas emissions (r = 327 0.24, P < 0.01), but ammonia emissions were no longer significant (r = 0.24, P = 0.15). 328
Sediment loading was not strongly associated with food production (in terms of £ output or GJ 329 food energy content) for either farm type and appeared more strongly driven by local 330 environment and climate rather than farm outputs; however, it should be noted that differences 331 in farm practice with a strong effect on sediment loading (e.g. form of tillage undertaken) were 332 not available from the 2012 FBS, and hence assumed the same for all farms. 333
For dairy farms, nitrate loading (r = 0.66, P < 0.001), phosphorus loading (r = 0.53, P < 0.01), 334 sediment loading (r = 0.40, P = 0.03), ammonia emissions (r = 0.81, P < 0.001) and total 335 greenhouse gas emissions (r = 0.82, P < 0.001) were associated with greater food energy 336 output, largely as a result of greater fertiliser application and higher stocking rates. Similar 337 relationships were seen when using financial output instead of food energy content, with nitrate 338 loading (r = 0.59, P < 0.001), phosphorus loading (r = 0.48, P < 0.01), ammonia emissions (r 339 = 0.90, P < 0.001) and total greenhouse gas emissions (r = 0.88, P < 0.001) again showing 340 significant relationships, although sediment loading was not associated with food financial 341 output (r = 0.3, P= 0.1). The relatively large and strong correlation between output value and 342 ammonia and greenhouse gases suggests that dairy farms with higher milk output are more 343 closely associated with higher emissions. The approach described in this study resulted in a number of important environmental 360 indicators for farms where this information had previously been unavailable. The heterogeneity 361 in performance across all indicators confirms that the farm input data provided are sufficiently 362 rich to detect differences between farms, as well as implying variation in performance that may 363 be important in the drive for sustainable intensification, discussed further in section 4.2 below. 364
The indicators illustrate how the approaches can be used to investigate both the local (e.g. 365 environmental impact per hectare for local problems such as sediment or nutrient loss) and 366 global (e.g. greenhouse gas emissions per unit of food produced) implications of SI. As noted 367 by (Franks, 2014) , SI does not imply a uniform approach on all farms: while the primary goal 368 of sustainable intensification is to minimise the overall negative impacts of agricultural 369 production, local concerns, for example pollutant loadings entering a given catchment, may 370 override this objective in some cases.
As the farm input data came from the FBS and FADN, the assumptions made could be extended 372 to explore more farms and perform comparable analyses, both over time and across other 373 There are some weaknesses inherent in the approach as a result of FADN data being primarily 383 focussed on farm finances. Some management details are beyond the scope of standard data 384 collection and hence were assumed the same for all farms: for example the number and type of 385 field operations, which will have implications for a number of environmental impacts 386 (Townsend et al., 2016) . The use of geospatial referencing for some data is a convenient means 387 of acquiring additional data without further on-farm surveying, but may introduce some 388 inaccuracies due to the limits of resolution possible within farm confidentiality constraints. The 389 data are also limited to the whole farm level and differences between fields will also exist in 390 many instances, particularly in some regions of the UK where soil type can vary substantially 391 even within individual fields. As with all modelling approaches, care must be taken when 392 making inferences from model estimates, e.g., what seems an 'unexpected' result -our dairy 393 farms show greater sediment loadings than cereal farms, despite the probable greater extent of 394 tillage operations on the latter -can be explained by other factors, in this case partly by 395 precipitation differences between western and eastern England. However, we would emphasisethat better data, particularly on soil management, would help to give better results. On balance, 397 however, the compromises made greatly expands the number of farms available for analysis; 398 moreover, these farms form part of a representative sample for each EU country and have data 399 rich information on farm economic performance. The focus on accounts type data also means 400 that similar approaches could be used where farmers are willing to share data, as the 401 information required is likely to exist in similar forms in management accounts or other 402 electronic farm records. Gadanakis et al., 2015) . 407
The data extracted and generated from the FBS sample were demonstrated with the Farmscoper 408 tool as it provides a comprehensive range of outputs based on well-validated sub-models. 409
However, the approach shown here emphasises the use of generic data, so that alternative 410 models could also be employed, appropriate to specific policy issues or research questions. 411
Emerging topics of interest may require additional data collection where the current FBS 412 dataset cannot provide reliable estimates (for example, on management information for 413 biodiversity indicators) and these could be included in the future. The great advantage of 414 building on the existing dataset is that it contains detailed and accurate economic information 415 from a robust, representative sample of farms. This also allows scaling, for example, scaling 416 up representative farm-type impacts to catchment and national scales (e.g. Glithero et al., 417 2013) . Furthermore, the methodology presented here could readily be applied to alternative 418 farm accountancy or management data, and is not exclusive to the FBS or FADN. The main 419 data inputs, as listed in Table 1 , could readily be obtained from typical farm records and used 420 in Farmscoper or alternative tools by researchers, farm advisors or individual farmers, eitherdirectly (where sufficiently detailed data are already available) or following similarindicators for agricultural pollutants. These are compared to food production and farm 520 profitability measures, also derived from the FBS, to assess the sustainability of agricultural 521 production on the sample farms. Although this paper is primarily concerned with demonstrating 522 the approach, results show that there is wide variability across farms for all pollutants when 523 measured per hectare, per gigajoule of food energy and per £ value of agricultural output. There 524 was no significant relationship between environmental efficiency and profitability on the dairy 525 farm sample. Cereal farm profitability, as measured by the income generated by farm 526 management and investment, was positively and significantly correlated with better 527 greenhouse gas emission efficiency, as measured by both emissions per unit food energy and 528 per unit gross output; and nitrate loading when measured per unit of agricultural gross output. 529
The relationship between production, profit and environmental efficiency does not therefore 530 appear to apply to all farms; nor will it apply to all indicators -in particular, we have not 531 considered methods of quantifying biodiversity in this paper. However, there is evidence that 532 improved agricultural management in crop production, particularly of nitrogen fertilisers, can 533 generate both environmental and financial benefits to farmers, a message that will help 534 facilitate knowledge exchange activities. Finally, there are some limitations to the approach, 535 most notably the extent of the data available for modelling: this could be addressed in the future 536 through the collection of appropriate input data, through FADN and the FBS, for use in the 537 type of environmental models considered here, as well as other approaches to capturing the 538 environmental effects of 21 st century agriculture. 539
